Findings from neurodevelopmental studies indicate that adolescents with psychosis spectrum disorders have delayed neurocognitive performance relative to the maturational state of their healthy peers. Using machine learning, we generated a model of neurocognitive age in healthy adults and investigated whether individuals in clinical high risk (CHR) for psychosis showed systematic neurocognitive age deviations that were accompanied by specific structural brain alterations.
Introduction
Neurocognitive deficits are a hallmark of first-episode psychosis and they are predictive of poor functional outcome many years later 1 . Executive, attentional and mnemonic impairments have been traditionally attributed to established psychotic illness, but studies have compiled compelling evidence for neurocognitive abnormalities paralleling the emergence of cognitive-perceptual basic symptoms in a putative 'early' clinical high-risk state (CHR-E) and the appearance of attenuated psychotic symptoms in a 'later' ultra-high risk (CHR-L) state for psychosis [2] [3] [4] . In addition, recent work has suggested that these abnormalities follow a gradient from typically developing children and adolescents to peers showing psychosis-spectrum symptoms 5 . Both sets of findings emphasize the role of neurocognitive abnormalities as a proxy for altered neurodevelopmental trajectories underlying the emergence of psychosis 6, 7 .
Previous neuroimaging studies have suggested that these complex brain-behavioral trajectories may best be modeled by means of multivariate pattern analysis (MVPA) 8 . Machine learning techniques have successfully been applied to structural MRI scans to predict age of healthy volunteers 9 . This research has been essential in understanding and creating normative trajectories of brain development 10 . Moreover, MVPA has been employed in studies showing acceleration of normal brain maturational processes 11, 12 that appears to be an intermediate phenotype for psychosis 13 and disrupts the normal process of grey (GM) and white matter (WM) maturation, potentially continuing to alter brain-behavior trajectories during early adulthood 14 .
The cognitive lag in adolescents at risk for psychosis observed relative to their chronological age is commonly due to slower cognitive development in the cognitive domains of verbal reasoning and social cognition [15] [16] [17] and decline in these cognitive domains usually overlap with those reported in adult CHR individuals (Lin et al., 2011) and patients with established psychotic disorders (Green et al., 2015) . Nonetheless, cognitive lag in adolescents at risk for psychosis seems not to be equally and continually represented in all cognitive domains and age ranges, pointing to a rather dynamic interplay between structural brain maturation and cognitive development across this life period.
To date, it is still unclear whether the delay of neurocognitive maturation observed in CHR adolescents 16 continues into adulthood. We used supervised machine learning to train and crossvalidate an individualized age predictor in healthy volunteers using their multivariable neurocognitive data. The model was then applied to the respective neurocognitive data of our CHR patients to investigate systematic differences between neurocognition (NC)-based predicted age and calendar age (Cognitive Age Gap Estimation; CogAGE) as compared to the healthy reference We aimed to investigate whether neurocognitive maturation was altered in CHR individuals and accompanied by specific brain alternations as compared to a healthy adult population. As previous findings suggest that GM volume is an important intermediate phenotype for the assessment of brain development and cognition 18 , this highlights the need for combined studies that further investigate their associations. In addition, we tested if the use of entire NC battery was justified for multivariate CogAGE modeling.
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Methods
Participants
Forty-eight individuals with a clinical high-risk state and 36 age-and sex-matched healthy controls were recruited at our Early Detection and Intervention Centre for Mental Crises (FETZ) of the Department of Psychiatry and Psychotherapy, Ludwig-Maximilian-University, Germany. Potential CHR individuals were referred to our center by primary, secondary and tertiary mental healthcare services and were examined according to a standardized inclusion and exclusion criteria checklist with operationalized definitions as described previously 19, 20 . All participants underwent neuropsychological testing using a comprehensive battery ( Table 1) . Except for five CHR patients, this sample was also examined using structural MRI scanning.
In summary, study inclusion required either (1) CHR-E with a positive global functioning and trait marker defined by a ≥30 point reduction in the DSM-IV Global Assessment of Functioning Scale (GAF), and a family history of psychotic disorders or a personal history of pre-/perinatal complications, or at least 1 positive psychopathological state marker in the basic symptoms 21 , or (2) CHR-L exhibiting attenuated psychotic symptoms (APS) or brief limited intermittent psychotic symptoms (BLIPS) categories fulfilling specific duration criteria 22 . Of the forty-eight CHR patients, 19
fulfilled basic symptom criteria and were therefore assigned to a putative 'early' Clinical High-Risk state (CHR-E), whereas the other 29 individuals showed attenuated (APS) and/or brief limited intermittent psychotic (BLIPS) symptoms as operationalized by the UHR criteria of the Personal Assessment and Crisis Evaluation (PACE) clinic in Melbourne 23, 24 , and therefore were labeled as late 1994) . Additionally, patients were rated using the Positive and Negative Symptom Scale (PANSS) 25 and the Montgomery-Åsberg Depression Rating Scale (MADRS) 26 ( Table 1 .) All participants were followed-up for 4 years after this assessment for transition to psychosis. They provided written informed consent prior to study inclusion and the study was approved by the Local Research Ethics
Committee of the Ludwig-Maximilian-University.
Neurocognitive Testing
A cross-domain neuropsychological test battery comprising 9 standardized tests was administered to all subjects ( Fourteen test variables were computed across the HC group ( Table 1) and adjusted for the effects of age and gender using partial correlations. The adjusted scores were z-transformed based on the respective HC data and entered analyses of variance (ANOVAs) that assessed between-group differences in HC vs CHR individuals. Holm's sequential method 29 was used to adjust P values for multiple comparisons across the 14 neurocognitive measures and significance was defined at P < .05, corrected.
All subjects had never received neuroleptic agents prior to MRI and clinical examination. The neuropsychological test battery used to examine neurocognitive functions in these subjects has previously been described in detail 30 .
Support Vector Regression for Neurocognitive-Based Age Prediction
Support vector regression (SVR) 26 was chosen due to its established ability to generate unbiased models that generalize well across the population, as shown in our previous study investigating accelerated brain ageing 11 . To train and cross-validate our models, we wrapped our machine learning pipeline into a nested CV framework as described in our previous work 31, 32 using our opensource machine learning tool NeuroMiner (https://www.pronia.eu/neurominer/). More specifically,
for the present study we defined a leave-one-subject-out cross-validation cycle at the outer crossvalidation cycle (CV 2 ) and a repeated 10-by-10-fold cross-validation at the inner cycle (CV 1 ). This maximized the data available to the machine learning process while both generating robust parameter estimates and avoiding any overfitting of the machine learning pipeline to our HC data.
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Neuranatomical alterations associated with delayed neurocognitive development
Each training sample at the CV 1 loop was first processed using feature-wise standardization. Then, the standardized neurocognitive data were projected into a linear kernel space, where the SVR algorithm determined an optimal age-fitting function at a fixed C (regularization) parameter of 1 and a ν-parameter, which was optimized in the range of [0.5 0.7 0.9] within the CV 1 cycle. To this end,
NeuroMiner generated CV 1 test partition predictions across the ν range and then picked the optimal ν at the parameter showing the lowest average Mean Absolute Error (MAE) across the respective CV 1 cycle. The 10x10 CV 1 models trained with this ν parameter were then applied to the respective CV 2 subject and the resulting age predictions were averaged to obtain a final out-of-training-sample prediction for a given participant. Finally, to correct for the over-and underestimation of age in the lower and upper tails of the distribution as typically encountered in SVR, we computed detrending parameters by fitting the CV 2 subjects' age residuals with their chronological age.
The scaled and imputed training matrix entered a greedy forward search wrapper (early stopping at 50% of features) 33 , to identify the most parsimonious subset of variables within the pool of neuropsychological tests.
The out-of-training prediction performance was quantified using the MAE and explained variance (R 2 ). To obtain age predictions for the CHR group we applied all pre-computed standardization, SVR and detrending models to the CHR individuals' neurocognitive data. Finally, we calculated all participants' CogAGE scores as the difference between estimated neurocognitive and observed chronological age.
MRI Data Acquisition and Preprocessing
Magnetic resonance images were obtained on a 1. 
Statistical Analysis
Sociodemographic and clinical characteristics were tested for between-group differences (HC, CHR-E, CHR-L) using independent sample t-tests for continuous data, ANOVA 
Correlational analysis CogAGE scores with GM and WM volume: A multiple regression model across
all participants was set up to identify brain regions in which voxel-level, whole-brain GM and WM volume alterations were related to CogAGE scores. In addition, we included total intracranial volume (TIV) as regressor into the multiple regression design to correct for global brain volume variation introduced by modulating the GM tissue maps during pre-processing.
The positive contrast indicated relationship between GM and CogAGE whereas the negative contrast indicated relationship between WM and CogAGE scores. To sensitize our neuroanatomical analysis both for large focal and subtle, spatially contiguous effects, we used Threshold-Free Cluster Enhancement (TFCE) 40 as implemented in the SPM TFCE toolbox (http://dbm.neuro.unijena.de/tfce/). We performed N=2000 permutations of each previously generated contrast.
Statistical significant effects in the TFCE maps were defined at P<0.05 corrected for multiple comparisons using the family-wise error rate (FWE).
Results
The age prediction model estimated age in HC subjects with a mean absolute error of 2. Figures 1a and 1b) . The ANOVA model showed that CHR-L differed significantly from HC, (+5. (Figure 1d) . Additionally, the negative relationship between CogAGE and chronological age in CHR patients appears to be undoubtedly more pronounced in younger CHR patients. The highest selection probability in CogAGE modeling was achieved for the neuropsychological test measuring Premorbid IQ and Digit Symbol Substitution (DSST) Test ( Figure  1e) . The multiple regression models performed on CogAGE scores of all HC and CHR individuals and neuroanatomical data revealed significant clusters of volume increase and decrease in multiple brain areas (Figure 2a) . Across the sample CogAGE was positively correlated with the increased GM volume in left cingulate gyrus, left superior temporal gyrus followed by left superior and middle frontal gyrus, whereas positive correlations on the right hemisphere were identified in the angular and supramarginal gyrus. Further positive correlations were found in the superior temporal gyrus and frontopolar cortices, in the right hemisphere. Whilst higher CogAGE scores across the sample were associated with increased GM volume, they were also correlated with a significant WM volume decrease within the middle cerebellar peduncle of the right hemisphere left genu and the splenium of the corpus callosum (CC), as well as the third branch of the right superior longitudinal fasciculus (SLF III) of the right hemisphere ( Table 2) . The associations between the CogAGE and cingulum as the first GM eigenvariate and respectively between middle cerebellar peduncle as the WM eigenvariate from the multiple regression model are shown in scatterplots of the Figure 2b and 2c . The correlations between remaining GM and WM eigenvariates can be found in the supplementary materials.
Discussion
In this study, we investigated whether neurocognitive maturation was altered in CHR individuals and accompanied by specific brain changes as compared to a healthy control population. Although a majority of studies showed that both cognitive impairment and brain alterations are commonly found in CHR individuals, only one study so far has investigated how neurocognitive trajectories evolve during adolescence 5 , but not in the early adulthood of CHR individuals. In line with the results of this neurodevelopmental population study that demonstrated neurocognitive delay in adolescents with psychosis-spectrum symptoms, we were able to show discrepancy between Additionally, the negative relationship between CogAGE and chronological age in CHR patients appears to be undoubtedly more pronounced in CHR-L patients than in CHR-E patients. Notably, the subgroup analysis of CHR patients with vs. without transition to psychosis did not yield any significant results in this regard.
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Our finding that CHR patients' premorbid IQ and processing speed measures were most relevant for the age prediction provides further hints to a potential dysmaturational process in these individuals.
Namely, a cross-sectional study of cognitive maturation in healthy subjects indicate maturation of processing speed through late childhood and into adolescence 41 . The improved speed of performance could be attributed to increased efficiency in neuronal organization and communication through myelination and pruning processes. Previous studies on adolescent-onset psychosis patients failed to show normal age-related increases in processing speed, which is in keeping with the findings in our CHR patients 10, 42 . The premorbid IQ has always been strongly associated with risk for psychosis and used as one of the main arguments for a widespread neurodevelopmental hypothesis of the disorder 43, 44 . Though the premorbid measure of intelligence and digit symbol substitution test proved to be strongly relevant for the age prediction, they were insufficient when used separately from other neuropsychological measures. The SVR model including all the neuropsychological measures was able to detect subtle relationships between the features that would not be detectable at a univariate level.
The neural changes subserving the growing complexity of cognitive functions in response to higher environmental demand 6, 13 occur in a non-linear fashion which seems to be supported by our findings. At the neuroanatomical level, CogAGE seems to be associated with a distributed pattern of increased GM volume particularly in the temporal and frontal areas of both hemispheres. The sequence of cortical GM loss that normally occurs earliest in the primary sensorimotor areas and latest in the dorsolateral prefrontal cortex is disrupted in psychosis along with the intra-cortical myelination processes 45 . Most studies suggest that the brain changes in psychosis may represent a dysregulation of the temporal course of neurodevelopmental trajectory 46, 47 . Our results on delayed Future studies will need to focus on using more sophisticated brain mapping methods and preferably longitudinal cohorts to determine dynamic trajectory of cognitive maturation in the whole spectrum of psychosis, early and late. However, our cross-sectional findings provide further evidence for aberrant brain structure-cognition associations in CHR state which supports the neurodevelopmental hypothesis of psychosis. All clusters are FWE-corrected for multiple comparisons using TFCE. 
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Highlights
 Neurocognitive maturation is altered in adult clinical high risk (CHR) individuals  CHRs exhibit increased discrepancy between chronological and neurocognitive age  This discrepancy (CogAGE) is particularly apparent in later stages of the CHR state  Increased CogAGE is accompanied by specific brain alterations in grey and white matter  CogAGE could serve as a proxy for altered neurodevelopment underlying emergence psychosis
